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Abstract
Computational modeling of cell-cell interactions can grant clues and can answer
questions about an experiment, especially for observations about binding interactions and
kinetics. This approach was used to investigate an interaction between a light-oxygen-voltage
(LOV) domain and an engineered protein called Zdark (Zdk). The LOV domain is membranebound while Zdk is cytosolic. The LOV domain and Zdk bind strongly in dark (Kd 26.2 nM), and
weakly upon exposure to blue light (Kd > 4 μM). Total internal reflection fluorescence (TIRF)
images are acquired of Zdk, the fluorescent species bound to a mCherry tag, and the loss of
fluorescence is observed upon illumination. However, secondary binding sites of transfermessenger RNA SsrA and stringent starvation protein B SspB can impact the off rate. SsrA is an
RNA binding protein that is bound to the LOV molecule, and SspB, which enhances recognition
for the SsrA binding site, is bound to the Zdk peptide. The affinity between the two binding sites
alters the kinetics of the dissociation of the LOV domain and Zdk. To note, the SsrA and SspB
binding sites can still be connected when the LOV domain and Zdk dissociate.
Modeling of this experiment was primarily done through Virtual Cell. VCell is a free
computational tool for modeling and simulation of various cell biology systems that can be used
to perform and analyze simulations. This was used to mathematically model the microscopy
experiment, with goals of gaining new insight to the underlying biology and evaluating
quantitative analysis of the experimental data. Several important tasks include gathering
theoretical values for the kinetics of the systems in terms of the on rate and off rate and looking
for observations about the interaction of the secondary binding sites. This will all be used in an
attempt to construct an experimental protocol utilizing this optogenetic system, especially for
lower affinity binding.
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Introduction
The importance of computational modeling in biology cannot be understated. It allows
researchers to delve into unexplored reactions between molecules, to see what information
tweaking their experimental procedure can provide, as well as to create thought experiments to
better understand their subject of research. The case here is no different; computational modeling
permits us to explore a unique binding interaction between two proteins in an optogenetic
system, as well as the limitations and usefulness of this system.
LOV2 Trap and Release of Protein (LOVTRAP) is an optogenetic approach to measuring
a reversible, light-induced protein dissociation1. Optogenetic refers to the biological technique
which utilizes light to control cells to behave in a specific way. Here, the aspect being controlled
are the binding kinetics of a small protein, named Zdark (Zdk), and a LOV2 (light-oxygenvoltage) domain. Zdk is a protein created by mRNA screening of a library derived from the Z
component of protein A. The LOV2 domain is a photo-sensing molecule from Avena sativa
phototropin 1.
LOV2 and Zdk bind strongly in dark with a dissociation constant (Kd) of 26.2 nM.
However, upon exposure to blue light (irradiation at 450-490nm), LOV2 and Zdk bind weakly
and tend to dissociate (Kd > 4 µM) 1. The affinity is over 150 times stronger in dark than that in
light. LOVTRAP was developed in order to isolate a protein of interest (POI) using the
aforementioned “dark state” affinity. The POI is bound to one of these, depending on which
component is anchored to the cell membrane – this is up to the experimenter to decide, as
plasmids of both situations can be easily created2. The constructs in the experiment are made
with use of the TOM2 fragment, which is a mitochondrial import receptor subunit which
localizes the components to the mitochondrial membrane2. The system used the n-termini of
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LOV2 and Zdk1 to interchangeably label with either mCherry or to bind to a fixed structure such
as the mitochondria or the plasma membrane (Fig. 1). A major aspect of this approach is how
broadly applicable it can be. All that is needed is the POI being fused to either LOV or Zdk. This
leads to precise diffusion limited activation kinetics that can be tightly controlled, with
deactivation and recovery rates that can vary from seconds to minutes with the presence of
mutations1.
The method used and analyzed was this aforementioned LOVTRAP system, with LOV2
anchored to the plasma membrane while Zdk is present in the cytosol. Total internal reflection
fluorescence (TIRF) microscopy was used to measure and detect for this LOVTRAP system,
utilizing a trap and release mechanism for the fluorescent protein mCherry2. The protein of
interest is bound to Zdk, where a binding site for the POI exists bound to LOV2. The purpose of
this constructed system is to measure translocation kinetics between the membrane and cytosol
with and without the secondary binding of the POI to characterize the affinities. The binding site
of the protein of interest has two experimental affinities. There is a high affinity state (Kd = 100
nM) and a low affinity state (Kd = 800 nM). It is expected that the low affinity state will have a
relatively small impact on the dark-state binding of LOV2 and Zdk but will have an affect on the
release kinetics when the light is turned on. However, the light activation of the LOV domain in
this reaction is independent; it does not depend on binding for this activation to occur.
The main goals of the research into this system is to estimate the in vivo binding affinities
of two proteins. Protein “A” is Ssra, an RNA binding protein, while Protein “B” is Sspb, which
enhances recognition of Ssra-tagged proteins1. This estimation is done by observing the
optogenetic translocation of LOV/Zdk. The influence of this binding on the optogenetic protocol
will also be observed in order to compare the bindings of Zdk alone and Zdk and protein B. This
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will achieve our main goal of seeing if this LOVTRAP system is viable to measure lower affinity
interactions as well as high affinity interactions. Only high affinity interactions have been
researched and tested in literature thus far.
This analysis was conducted through Virtual Cell (VCell), a platform made by the
Richard D. Berlin Center of Cell Analysis and Modeling for analyzing and modeling cell
biological systems3. Several biomodels of the LOVTRAP system were constructed using this
software, which were utilized for numerous simulations and calculations to allow us to further
investigate the underlying kinetics. This is crucial, especially in using stochastic and
deterministic approaches and applications to help solve for the parameters of the system. A selfcreated profile likelihood program and functionality was also added to VCell in order to help
solve for these parameters.

Figure 1. A diagram demonstrating the basic binding interaction of LOV and Zdk as well as the protein A and B
components in response to light activation. Upon exposure to blue light, LOV and Zdk components separate due to a
high dissociation constant. Secondary sites A and B can be bound or unbound after exposure of blue light,
depending on whether it is strong or weak affinity.

Understanding this interaction can help better design binding mechanisms that can
utilized in the field of medicine. Examples including modulating G-Protein Coupled Receptor
(GPCR) signaling4 and antitumor immunity5. To note, a graduate student, Abhijit Deb Roy, as
part of the Center of Cell Analysis and Modeling collected this data by use of Total Internal
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Reflection Fluorescence (TIRF) microscopy in the mechanism shown above. TIRF microscopy
provided imaging at high resolution directly at the membrane by only exciting fluorophores in a
close proximity to the coverslip. This is done by reflecting light at an incident angle greater than
the critical angle onto the membrane. Data was collected from these trials, including average
fluorescent intensities across the membrane, threshold areas, and time stamps. This data will be
implemented into the biomodel for parameter estimation. The translocation kinetics between the
membrane and cytosol in this system was better understood in respect to a mathematical model
of phophoinositide turnover – the approach used there in terms of constructing a model was also
used here6.

Figure 2. This represents the characteristic exponential decay of the evanescent field in Total Internal Reflection
Fluorescence (TIRF) microscopy for this system, based on our calculations. This was done by using a variation of
the formula of exponential decay with the fraction of distance from the coverslip divided by the distance of the
coverslip (150 nm in this case). The fluorescence observed within the experiment will actually be based on factors of
photon collection efficiency and the observed forces of light.
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Methods
Several types of models were used to fully investigate this optogenetic system. The main
two used included a rule-based model and a simple non-rule-based model of the binding
interaction. There are several advantages and disadvantages of each type of model. A non-rulebased model, as the name suggests, does not use a set of rules to determine its corresponding
reaction network. The main benefit of using this method is that the user must understand the
system they are working with in order to translate the data and experimental procedure into
Virtual Cell accurately. It also allows the user to be freer and to have more control in
determining which reactions to include. The other main method of modeling is rule-based
modeling. This method utilizes a set of rules to specify all the possible outcomes of a biological
model. The rules then create the patterns of the reaction network. The benefit here is a strict
reaction network based on the set of rules, but the rules can in turn lead to outcomes and
secondary reactions that one may have not considered. An example of rule-based modeling can
be seen in Figure 3, as well as a reaction diagram in Figure 4.
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Figure 3. An example of rule-based modeling. The reactions for this molecule are governed by the set of rules seen
above, which the differences highlighted in orange. The “?” symbol within the rules represent a possible bound
state, where the model has situations where a receptor is bound and one where it is not. Lines show interactions and
bindings between two different sites. Each species also shows where it is present in the cell – in this case, either the
plasma membrane (PM) or the cytosol (cyt).

Deterministic applications within each type of modeling were then used. Deterministic
applications solve and create outcomes of the model through known relationships among
reaction rates and concentrations, where uncertainty in the parameters can lead to different
solutions. This type of application is ideal for this system, as the basic binding interactions have
been studied and are known, but certain factors are unknown. Results of a simulation within a
deterministic application can be seen in Figure 5.
Within the models, parameters and functions are created to help govern the reactions as
well as to explore various aspects of the model. A goal of this investigation is to determine which
10
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parameters within the system are identifiable and important; which parameters, when solved for,
create the biggest impact on the system when changed?
There are three different variations of the main biomodel utilized. There is a control
model, where there are no secondary A and B binding sites; a high affinity model, where the A
and B binding sites have a Kd of 100nM; and a low affinity model, where A and B binding sites
have a Kd of 800nM. These represent variations in the optogenetic system. Several aspects of the
control model can be seen represented in Table 1 and Figure 4. The goal of LOVTRAP being
used for low affinity binding will be tested by the respective low affinity model. If we are able to
measure the decay of fluorescence and demonstrate that it is comparable to the decays of high
affinity and control models, then we can consider the low affinity model as successful in terms of
measurement and usage.
However, in creating rule-based and non-rule-based models, there are several
assumptions that need to be made in order to facilitate that creation. These assumptions are based
on prior research and the best judgment of the researchers making the model. The first main
assumption made is that LOV and Zdk do not form polymers; every LOV domain has just one
Zdk binding site in our example. It is stated that there is a limited amount of LOV molecules and
even less so of Zdk1. Hence, to create the greatest fluorescence they must interact in a one-to-one
ratio, since the fluorescent tag is bound to Zdk and this will create more fluorescence at the
membrane. Another main assumption made is that the molecules are in steady state and in
equilibrium before reactions begin and before the exposure to blue light. Doing so facilitates
mathematical analysis tremendously and can simply show the changes in each species. Related to
this is the assumption that molecules are well mixed before the reactions begin as well – the
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actual experiment begins a certain time period after all the molecules are associated with one
another. This leads to the prevalence of the inactive bound complex before the exposure to light.
For kinetics, the basic forward and reverse rates of the overall reaction network are based
on relations to other reactions. To elaborate, the forward activation rates are the same, the
binding kinetics are the same numerically as they are not affected by activation (the blue light
stimulus). The binding interaction rates are greater than that of the activation rates
comparatively. The process of light-induced dissociation, is a multistep process compared to one
step for initial binding. With these kinetics in place, when we are looking at a model with the
additional secondary binding sites, the reactions act as a pseudo first order. This will make our
analysis simpler.
The last main, important assumption to note is that in regards to the binding of LOV and
Zdk, the tether between this complex and the secondary B protein can freely stretch and move in
a limited hemisphere space. This space is defined in the following equation, which is half the
volume of a sphere of r is the radius of this hemispherical space based on a maximal tether
length.
𝑆𝑝𝑎𝑐𝑒 =

2 3
𝜋𝑟
3

Within the model, an example of parameters and functions used for analysis are listed
below in Table 1. From the list of parameters, the most important and identifiable parameters
need to be found. Some parameters will be controlled by the experimentalist in usage of this
protocol, as they will affect the optogenetic system significantly. An example would be the
forward rates of activation, as well as the intensity of the blue light. Some parameters are made
due to the intrinsic properties of the system. What is being measured is the detection of the
fluorescence by the low affinity system. There is a degree of freedom within our protocol in
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terms of the recovery rate (from activated state to deactivated state), as there are various isoforms
that can be used within this experimental procedure1. For an experimentalist’s purpose, they
should use whatever isoform is most convenient to them in terms of timescale – either 1.7, 18.5,
or 496 seconds1. For our purpose, we used the slowest time scale as it was used to approximate
our pseudo steady state due irreversible activation. A faster time scale can be used to reach
equilibrium faster, which can be a different time scale all on its own. A pseudo steady state
would not be needed, as one is able to approximate a true steady state.
Table 1. An example of several parameters and functions used within the model.

Original
Parameter

Function

Current Value/Function

Kd1

Kd in dark

0.026 µM

K_bind

Kf of forming inactive LOV-Zdk

4 𝑠∗𝜇𝑀

K_unbind1

Rxn rate of unbinding

Kd1 * K_bind

K_unbind2

Rxn rate of unbinding

Kd2 * K_bind

Kf_activation

Kf of light activation

10 𝑠

Kd2

Kd in light

4.0 µM

Act_light

Parameter meant to trigger event when 0
light is turned on

BoundLov

Concentration of bound LOV-Zdk

LOV_fluorescence Fluorescence

1

1

(InactiveBound + ActiveBound)
(Gain * (BoundLov +
(cyt_zdk_near * UF)))
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Figure 4. An example reaction diagram of the reaction defined in Figure 1 between LOV and Zdk within VCell.
This does not include the secondary binding sites of A and B. Here, Zdk and Inactive_LOV bind to create the
Inactive_Bound complex, which upon exposure to blue light, becomes activated and dissociates into Zdk and the
Active_LOV forms. The yellow boxes correspond to nodes that represent the reaction, and it is where reaction
kinetics can be modified. The purple circles correspond to the species created and changed during all the reactions.

Figure 5. Simulation results that were constructed by the biomodel. Each diagram corresponds to a different species
(Active_LOV and Inactive_Bound respectively). Each species responds to the blue light drastically, which is
expected. The concentration of Active_LOV is expected to increase after blue light exposure, while Inactive_Bound
is expected to decrease as it becomes activated and forms the active species.

In exploring the model, one important aspect of using this model is the ability to apply
pulses of light. The pulse represents the signal where light is reintroduced – in 2 second intervals.
To clarify, at one second, the light is turned on, while at 1.1 the light is turned off, then at 3.0
14
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seconds the light is turned on again. Within the main model, there is an application that explores
the effect of pulsing to see how pulsed duration and amplitude affect the concentrations of
species. It will also be used to judge how quickly the system slowly returns to its pseudoequilibrium (disregarding the long timescale of return to inactivation of LOV), as well as which
parameters are most sensitive to the addition of light. This was later used to evaluate which
species may be approximated as being constant over time.
The collected fluorescence data of mCherry-Zdk is measured in terms of average
fluorescent intensity over time. However, the fluorescence contains reflection from the blue
light. The increase in fluorescence intensity due to reflection is relatively constant for while the
light is turned on, but it creates discontinuities in the data, which can negatively impact the
analysis (see Fig 9). This is adjusted for by removing those jumps in intensity to create
representative data that is easier to use and manipulate. Normalized data was also used, which
helps match the model and experiment.
Another method used to help solve for the most identifiable parameters of the system was
a profile likelihood program that works through VCell. A profile likelihood refers to a function
within a statistical model that is able to reduce the number of unnecessary parameters by
determining which parameters are useful and important to the model to reproduce a particular
data set. The profile likelihood program is connected to the parameter estimation functionality of
VCell, utilizing the output of the estimation. The output created the starting point for the profile
likelihood – the program will alter an aspect of the parameter estimation output and rerun the
parameter estimation until a range of acceptable values is found for each desired parameter. This
is done by increasing or decreasing the value of a parameter by a preset multiplier until it reaches
a significant error amount with respect to data. The preset multiplier will define how specific a
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range is examined in terms of each parameter. The parameters included kinetics, initial
concentrations, and parameters used to convert concentrations to fluorescence. This also helped
us determine the sensitivity of fit to the parameters (see Fig. 6 and Fig. 7).

Figure 6. An example of the profile likelihood functionality, which is used to determine realistic values of
parameters within a certain error limit. The top half of the figure includes the output from the parameter estimation
run in VCell, as well as the last increasing and decreasing runs of the profile likelihood. Several different parameter
sets were created based on the profile likelihood. This includes a set compiling the highest and lowest possible
values for each parameter before the error becomes significant, as well as a set containing the best values for each
parameter based on an optimal objective value. The bottom half demonstrates the actual run, where a parameter
value and error are displayed. Over this run, as the parameter value increases, the error decreases, which indicates
the range of parameter values that leads to a good fit given a set threshold.
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Profile Likelihood: KfActive2
Objective Function Value

7000000
6000000
5000000
4000000
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1000000
0
0

0.5
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2.5

3

3.5

4

4.5

Parameter Value
Objective Function Value

Threshold

Figure 7. A visualization of the profile likelihood result, showing the realistic range in the kinetic rate constant with
respect to the biomodel. This represents the expected error that the model has for a particular confidence interval.
Any parameter value below the threshold results in a good fit, while any parameter value above the threshold leads
to a bad fit. Here, the best range of this forward reaction rate is between 0.1 – 2 s-1.
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Results/Analysis
The first important result from observing this optogenetic system is establishing a steady
state where future analysis can occur. This involves determining estimations of initial
concentrations of LOV, Zdk, and the ratio of the size of the plasma membrane to the size of the
cytosol. We derived these expressions based on the differential equations, set them equal to 0 (to
represent the steady state), then algebraically reduce and combine these equations into a second
order polynomial, the solution of which is in Figure 8.

Figure 8. The equations used to model the steady state of this reaction, based on solving for the initial
concentrations known by the user.

This combination of factors derives a steady state before the light stimulus is expressed. This will
also help us better evaluate the overall change in fluorescence. The last main effect of creating a
steady state is that it allows us to model the experiment with the system initially at rest before the
light is applied (second panel of Figure 9).
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Figure 9. A conversion of the experimental fluorescence to the model fluorescence. The left image demonstrates the
average intensity of a cell in a single trial, where the light is turned on at 0.6 seconds and stays on until 4 seconds.
The right image shows the same trial in VCell, where the system is in steady state until the light is turned on. The
blue bar in each image shows the time period where the blue light is shown. The offset in the experimental data is
due to the background reflection from the blue light.

From our analysis, we learned more about several important aspects that can be useful for
better understanding how LOVTRAP works. To start, we have better illustrated the
representative binding curves of LOV and Zdk in the dark state and in light with respect to
increasing concentration of Zdk (Fig. 10). This was constructed with the respective dissociation
constants of the system in mind, with the dark state having a Kd = 0.026 µM and the light state
having a Kd > 4 µM. The greatest difference in these binding curves will help us evaluate the
concentration of Zdk where the greatest change in fluorescence over time, ΔF/F, is observed.
This is the most sensitive state of the modeled fluorescence with respect to the dissociation
constants.
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Figure 10. The change in fluorescence will be evaluated between the relationship of the fluorescence with a strong
binding affinity (in dark) to the fluorescence with a weaker binding affinity (in light), shown by the respective
binding curves.

Figure 11. This figure demonstrates how we evaluated the change in fluorescence with respect to various important
components in dark (1) and light (0) conditions. Zdkfree represents the amount of free Zdk floating near the
membrane but not bound. F1 represents the steady state fluorescence of the high affinity binding state when the
system is in the dark with a Kd of 0.026 μM. F0 represents the steady state fluorescence of the low affinity binding
rate when the system is exposed to light with a Kd of 4 μM. The steady state solutions follow the binding curves
shown in Figure 10. l represents the characteristic TIRF length of 150 nm, which indicates the distance into the cell
where TIRF excitation occurs. The fluorescence is proportional to the bound state of the complex and the active
LOV state.

An important result that came about from our analysis was a justification for using a non-spatial
model. Initially, both a spatial and a non-spatial deterministic model were used, with analysis
shifting towards usage of the latter. This was done as it was discovered that at higher
concentrations of Zdk (greater than 1 µM), the overall percent change in concentration over time
was less than 1%. This indicates maximal saturation. Figures 13-14 demonstrate how little Zdk
20
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changes based on the difference between the maximum and minimum values over time. As a
further approximation to the non-spatial model, we observe that since the concentration of wellstirred cytosolic Zdk does not vary much over time (about 1% change over time), it can be
treated as having constant concentration, with any changes being attributed to an acceptable
error.

Figure 12. This is an example of a spatial application result conducted in VCell for the concentration of Zdk. Shown
here is a one-dimensional look at the membrane/coverslip, as well as a distance of 7.5 µm into the cytosol. Based on
the gradient and looking at the max and min of Zdk, one can see that the concentration of Zdk does not really change
too much at this concentration upon exposure to light. At higher concentrations, one can assume that Zdk is constant
through time.
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Figure 13-14. This figure shows the relative change in concentration over time for Zdk using the pulse protocol. At
the first instance of the light pulse, the changes in concentration depending on the distance into the cytosol (the
concentration gradient) is due to binding and unbinding activity at the membrane. Over time, the gradient diminishes
as the membrane activity reaches an equilibrium. Overall, the change in concentration due to the diffusion gradient,
present in the spatial model, is not much different (3% spatial difference averaged over pulse duration) than the
effect of the species being well-mixed in the non-spatial model. Refer to Figure 12 for more context.
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It is important to determine which parameters are necessary to the system, so that when
conducting the experimental procedure of LOVTRAP an experimentalist can attempt to control
for these factors. Two of these degrees of freedom include the initial concentrations of LOV and
Zdk. It may seem obvious, but it is an important factor to consider how much of each molecule is
incorporated in the cell from the start in order to favor a LOV-Zdk complex over a LOV-ZdkLOV-Zdk… polymer. The initial distribution of each molecule is assumed to be in the inactive
state of the overall system due to absence of blue light.
Another aspect about developing this experimental protocol is the issue with timescales.
The pulse protocol exposes the differences between a fast and slow timescale – the duration and
amplitude of the pulse of the light matters. The longer the stimulus of light with the same energy,
the slower the timescale will be for the activation of LOV. A more intense stimulus of light with
shorter duration will lead to a faster time scale for activation. Knowing these two factors can
allow an experimenter to modulate the length of the experiment in order to better detect the
fluorescence, either by making the experiment longer where there will be more data to collect, or
one can have a fast protocol in which will expose the dynamics of the faster timescales in the
model. The sensitivity of the sensor matters to monitor the reaction.
Another biomodel was made to demonstrate the bivalent binding capabilities of the LOVZdk complex, where the secondary binding sites A and B can bind, and show that there is a
cooperativity of the respective kinetics. This cooperativity depends on several factors. The main
factor that determines this cooperativity is the possibility of steric hindrance. If the secondary
binding sites are not hindered by the orientation of the other binding site, they should bind and
high cooperativity should be seen. This cooperativity was measured by a new parameter called
alpha (α), which is introduced in the new biomodel.
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Figure 15. This biomodel is used to investigate the bivalent binding capabilities of the system, as well as measuring
the possibility of cooperativity. This takes into consideration the conclusions of the simpler biomodel with respect to
intramolecular binding of A and B secondary binding sites (to create LOVZdk_AB). For example, one can used the
further approximation of constant cytosolic Zdk binding, which makes all reactions first order and therefore lead to
easier analysis.

In this model, LOV and Zdk bind at the first node, and depending on the path, the
secondary site A or B is bound. In the last two reaction pathways, the other secondary site is
bound. The kinetics are similar to the previous biomodel at the first node, which is where the
cytosolic Zdk and LOV are bound. They are similar in terms of being functions of the
dissociation constants and will likely proceed at a much slower rate than the secondary binding
reactions. There is an assumption in the last two reaction pathways that they have the same
cooperativity effect, represented by the factor alpha. Alpha is calculated as the ratio between the
effective concentration of a single Zdk tethered to its respective LOV molecule over the
concentration of cytosolic Zdk. The cytosolic concentration refers to the Zdk that was measured
to be constant over time, but not space. The tethered Zdk concentration is calculated to be the
space that one molecule can travel within the tethered range. This equation can be seen below:
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1 𝑚𝑜𝑙𝑒𝑐𝑢𝑙𝑒𝑠
2𝜋𝑟 3
𝜇𝑚3
3
When this concentration is converted to the proper unit within VCell (µM), this concentration is
calculated to be about 800,000 µM (0.8 M). This number may seem high at first, but the
reasoning behind this number makes sense. Within the tether range, there is a higher probability
of finding and binding Zdk. With respect to the cell and cytosol in general, where Zdk is located,
the concentration within this tether range is going to be much, much higher. This is represented
in Figure 16.

Figure 16. A visualization for why the concentration of Zdk (represented by the diamonds) near the tether is greater
than the rest of the cytosol.

However, this alpha is representing a reasonable limit, if not an upper bound, of the
possible cooperativity within the system. While the actual cooperativity cannot be determined
currently in the system, knowing this upper limit can lend more information about controlling
factors within the system. It can also be used as a new function, termed beta (β), which is the
relationship between α and the dissociation constant, which can be used to determine the
relationship between the activation of light and the change in cooperativity.
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The last important matter to note is the issue of identifiable parameters. Mathematical
analysis was conducted between five parameters that were established to be important based on
profile likelihood: the total concentrations of LOV and Zdk, the two dissociation constants that
causes optogenetic activation of the system, and δ, a variable that represents the fraction of LOV
in an activated state compared to inactivated. δ, evaluated between 0-1 (0 being completely
inactivated and 1 being completely activated) allows us to represent the two types of LOV in
terms of the total LOV concentration, as such:
𝐿𝑎,𝑡𝑜𝑡 = 𝛿 ∗ 𝐿𝑡𝑜𝑡
𝐿𝑖,𝑡𝑜𝑡 = (1 − 𝛿) ∗ 𝐿𝑡𝑜𝑡
Using these five parameters, a system of equations can be set up and solved for. The result and
possible solution for this system of equations (a third order polynomial) can be seen below.
For

, where Z represents free cytosolic Zdk:

Here, a, b, c, and d represent coefficients to solve for the steady state and solve for the
optogenetic system. K refers to the dissociation constant that represent the activated (Ka) and
inactivated (Ki) states. L represents LOV, and Z represents Zdk.
To help solve for the system of equations, one can pulse (blast short bursts of light
quickly within the system) to expose various levels of δ, each time activating a fraction of LOV.
If δ is 0, meaning no activation, this considerably simplifies the system, as seen below:
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If one knows the total concentrations of LOV and Zdk used during their experimental trials, the
steady state can be easily solved for, as the dissociation constants are known variables. It’s
simply a matter of using the numbers correctly.
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Discussion
Developing a variation of an experimental protocol is difficult, especially in terms of
taking into account the possibility of measuring low affinity binding interactions. However,
several conclusions can be made about the optogenetic system that can lend information to the
experimenter. This will allow for a better understanding of the protocol as well degrees of
freedom that can be changed and modified as the experimenter pleases.
When LOV is in excess and there is a moderate amount of Zdk, the fluorescence is more
dependent on the bound states of LOV-Zdk rather than the unbound state, due to depletion of
cytosolic Zdk. When Zdk is in excess and there is a moderate amount of LOV however, the
fluorescence is going to be more dependent on the cytosolic Zdk. The fluorescence originates
from the mCherry-Zdk, where cytosolic contribution is rather constant, but the fluorescence due
to the bound complex changes between the light and dark states (which have different
dissociation constants) at time points before and sometime after excitation. This can be seen by
the equations of fluorescence (Figure 11).
In terms of the data, adapting the fluorescence data to VCell was possible, with the only
issue being background reflection caused by the light source. Mathematically derived equations
produced a model in an initial steady state to get a better fit of data for parameter estimation.
This steady state shows the experimenter the relationship between each molecule, and it
demonstrates again how changing one parameter affects another. Being easily able to adapt,
import, and simulate data is one of VCell’s strong points3.
Observations can be made of the general trends of concentrations for the inactive LOV
domain, bound LOV-Zdk complex, and active LOV domain. The concentration of inactive states
decreases rapidly upon exposure to blue light, while the activated state concentration increases
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quickly with the same exposure. After the light is turned off, slow recovery is seen back to the
inactive states. This recovery can be controlled based on the mutant or variation used of LOV,
which is modeled by changing the kinetics of the reverse of the activation reaction. In the model,
the isoform that leads to the slowest recovery was chosen as this allowed for better timescale
separation and understanding of the model in terms of kinetics.
The parameters that are the most sensitive and identifiable seemed to be the on rates of
the inactive bound state and the active bound state, the initial concentrations of the Zdk protein
and of the LOV domain, and the dissociation constants. Gain (an external parameter that
represents the signal amplification at the detector) is a fitting variable, it can be removed from
analysis as it does not have a meaningful effect on its own. These parameters which were found
to be sensitive when fitting data were the same parameters which are present in the steady state
equations (seen by Figure 8).
To see which of these parameters are unique, a profile likelihood analysis was done to
look at the identifiability and sensitivity of these parameters. This was done by an
implementation to VCell. The objective function value represents the error of the fit. As the
parameter values are increased and decreased, the error will also increase until a range of best fit
is determined. This program, if built into VCell in the future, can lead a user to better understand
the bounds of the region of parameter space in the biomodel that influence the fit of the data.
The results of the time course and the experimental analysis were confirmed by another
software called COPASI. COPASI is a software application for analysis and many types of
simulations of biochemical networks7. Using this interface, a parameter scan was run using the
same simulation file in .vcml format. With this, the intent is to independently validate the results
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by using another software. However, this analysis was not completed due to lack of time, but
more can be done in that respect.
Various factors of our analysis point towards LOVTRAP being a suitable protocol for
low affinity binding. This was the original goal of the project, but this is not completely
achieved. Some guidance however includes keeping Zdk as a concentration between the
dissociation constants is one possibility that allows low affinity binding to be practical. Another
aspect is having a LOV concentration high enough to prevent polymerization. Instead, the focus
shifted more towards model analysis and carefully understanding the assumptions and dynamics
behind the approximations.
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